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Figure 1. SpinMeRound is a multiview diffusion model which generates human portraits from novel viewpoints. Given a single or multiple
views, our method produces high-fidelity images along with precise surface normals, ensuring accurate 3D consistency across perspectives.

Abstract

Despite recent progress in diffusion models, generating re-
alistic head portraits from novel viewpoints remains a sig-
nificant challenge in computer vision. Most current ap-
proaches are constrained to limited angular ranges, pre-
dominantly focusing on frontal or near-frontal views. More-
over, although the recent emerging large-scale diffusion
models have been proven robust in handling 3D scenes, they
underperform on facial data, given their complex struc-
ture and the uncanny valley pitfalls. In this paper, we pro-
pose SpinMeRound, a diffusion-based approach designed to
generate consistent and accurate head portraits from novel
viewpoints. By leveraging a number of input views along-
side an identity embedding, our method effectively synthe-
sizes diverse viewpoints of a subject whilst robustly main-
taining its unique identity features. Through experimen-
tation, we showcase our model’s generation capabilities
in full head synthesis, while beating current state-of-the-

art multi-view diffusion models. Project page: spin-me-
round. github.io.

1. Introduction

Recent advancements in deep learning have brought signifi-
cant progress to fundamental computer vision tasks, notably
in image and video generation [6, 56]. The introduction of
Diffusion Models [16, 28] has transformed these domains
by enabling the generation of high-quality visual content,
facilitated by the use of large-scale datasets [5, 56]. De-
spite these developments, the task of generating consistent
and accurate head portraits from a single input image still
remains a challenging problem. This difficulty is primarily
attributed to the limited availability of comprehensive 3D
facial datasets, which constrains the training of models ca-
pable of reliably capturing and reconstructing the detailed
structure and variations of human faces.

A common practice for modeling human heads from



a single image, incorporates the use of a 3D Morphable
Model (3DMM) [4, 7, 8, 37], to represent the facial shape
along with an appearance model [17, 21, 34]. However,
given typical training data and the difficulty in modeling
complex hairstyles, these methods focus solely on the fa-
cial region and avoid or miss the full head and hair. The
seminal work of Neural Radiance Fields (NeRF) [43] led
to an explosion of works on neural rendering of scenes that
could not easily be modeled with textured meshes. In ad-
dition, pairing such implicit representations with genera-
tive models led to a wide variety of approaches [2, 9, 44]
that pushed the boundaries on the synthesis of novel facial
views, achieving high quality and control. More recently,
Panohead [1] first showcased high-quality 360° head por-
trait synthesis. However, because of its adaptive camera
training scheme, the back-head synthesis typically contains
many artifacts [35], and its inversion on “in-the-wild” im-
ages is challenging and requires complex fine-tuning [55].

Recently, diffusion models [16] demonstrated superior
performance over GAN-based methods in image genera-
tion and have achieved great quality in human generation
tasks [56]. However, achieving multi-view consistency re-
mains a significant challenge. Despite the lack of accu-
rate 3D datasets, recent advances, such as Score Distillation
techniques [49, 73], represent an initial step toward lever-
aging the 2D generation strengths of diffusion models to
construct 3D content without extra training. Nevertheless,
these approaches are computationally intensive, require in-
tricate constraints, and do not consistently yield photore-
alistic results. Meanwhile, multi-view diffusion architec-
tures, employing video diffusion models as a backbone
framework [42, 63], still remain very resource-demanding
for generating a single novel view, as they rely on com-
prehensive camera trajectories to generate coherent cen-
tral objects. Closer to our work, Zero123 [39] introduced
a view-conditioned diffusion model that incorporates view
features and camera information into the diffusion process.
However, the generated images lack strong multi-view con-
sistency and are of low quality, which restricts their per-
formance in photorealistic 3D generation. Although Diff-
Portrait3D [25] enables novel view generation through a
diffusion process, it still focuses only on near-front views
and utilizes a image-conditioned camera mechanism. Other
closely related works are Era3D [36] and Morphable Dif-
fusion [10], which generate fixed camera viewpoints, thus
limiting their ability to produce full head portraits. The re-
cently proposed Cat3D [20] presents a promising solution
by efficiently integrating a number of input views with spec-
ified camera poses to achieve a consistent novel viewpoint
generation. It integrates 3D attention layers for efficiently
sharing common information between all views, along with
robust camera pose feature maps. Still, Cat3D is limited
by its lack of focus on human generation and is currently

unavailable as an open-source tool.

In this paper, we present SpinMeRound, a multi-view
diffusion model designed to generate novel high-fidelity
views of a given human face. In addition to facial images,
our model also generates the corresponding normals, which
are typically available for human data and, as we show, im-
prove the model’s performance and consistency on intri-
cate facial features. Moreover, we show that conditioning
the model on an identity embedding and one or more input
views of a subject during inference, we can not only sample
but also reconstruct multi-view consistent images from “in-
the-wild” facial images. Our method can accurately synthe-
size photorealistic head portraits from various angles while
preserving essential identity characteristics, which can be
used to represent or reconstruct 3D scenes. Given the lack
of open-source large-scale multi-view head datasets and the
problematic nature of the permissions of such datasets, our
method is solely trained on synthetic data acquired using
Panohead [1], making this work accessible to experiment
and build with. Overall, in this paper:

e We introduce SpinMeRound, a multi-view diffusion
model conditioned on identity embeddings and a num-
ber of views that generates novel perspectives of an input
subject and their respective normals.

» We present a novel sampling strategy which, given a sin-
gle “in-the-wild” facial image, generates consistent views
encompassing the whole head.

« We explore its potential by comparing it with current
state-of-the-art multi-view diffusion-based methods and
showecase superior results in full-head portrait generation.

2. Related Work
2.1. Face Modeling

Extensive research has been dedicated to representing 3D
faces through a combination of texture maps and 3D
meshes, starting with fundamental 3D Morphable Models
(3DMM) [4, 7, 8, 37]. These approaches, however, pri-
marily focus on accurately capturing only the frontal region
of the head whilst lacking in integrating finer head details
such as hair, wrinkles and wearable items. Dealing with
this, recent studies have integrated implicit representations
for 3D face modeling. Methods such as [23, 45, 72] inte-
grate Signed Distance Functions (SDFs) whereas other [2,
9, 18, 69] use Neural Radiance Field (NeRF) models [43]
for generating photorealistic results. Levering the power-
ful triplane representation [9], RTRF [62] generates near-
frontal views in real-time whilst Panohead [1] introduces
an adaptive camera training strategy for enabling full head
portrait synthesis. An extension of it is 3DPortraitGAN [67]
focusing on all-around upper body generation. As this work
focuses only on full-head generation, Panohead can effec-
tively be used to acquire synthetic portrait datasets.









log(N), where N is the number of the target images (N=7).
We randomly select a conditioning view that includes part
of the frontal face during each training iteration, as required
for the identity embedding extraction. We then randomly
pick the N target images and calculate the relative camera
angles. To enhance the dataset, we replace the white back-
ground with a random color, in 50% of the samples. All the
training viewpoints are encoded using the encoder £, with
noise added only to the target latent vectors, while condi-
tioning vectors remain unchanged. Following the classifier-
free guidance (CFG) training scheme [27], with a probabil-
ity of Puncona = 0.15, we randomly replace the identity
vector with the empty string, and the conditioning images
with zero-ed ones. We first train the model conditioned on
a single view for 600k iterations. Then, for the additional
1M iterations, we vary the conditioning views by randomly
choosing 0, 1 or 3 conditioning views, corresponding to 8,
7 and 5 target views, each with a probability of P_1/3.

3.3. Novel view sampling

SpinMeRound synthesizes novel views for an input subject
I, given a number of views. In this section, we introduce a
robust sampling strategy designed to produce a large num-
ber of consistent views that comprehensively cover a full
head, given only a single input image. Achieving consis-
tency across viewpoints requires a carefully structured cam-
era pose selection order. Therefore, we employ a three-step
sampling process: a) aligning input views and extracting the
corresponding shape normals, b) generating anchor images
that provide complete coverage of the 360° human head and
¢) synthesizing intermediate views by leveraging both the
input views and the closest anchor images.

Alignment and Shape Normals generation Given the
input image I, we extract its identity embedding w as de-
scribed in Sec. 3.1. Then, we obtain I, a cropped and
aligned version of I, using the alignment procedure pre-
sented in Panohead [1]. To generate the shape normals \/,
we treat this as an in-painting task, thus retrieving the nor-
mals through the conditional guidance sampling approach
described in Relightify [46]. Specifically, using the aligned
image I and its identity embedding vector w, we employ a
binary visibility mask m, marking only the image channels
as visible and setting the shape normal channels as non-
visible. By applying the “channel-wise in-painting” algo-
rithm, the corresponding shape normals are retrieved. This
process uses the EDM sampler presented in [30] alongside
the DDPM [28] discretization steps and runs for 50 steps.
A more detailed presentation of this approach is presented
in the supplemental material.

Generating anchor and intermediate views SpinMeR-
ound can generate any arbitrary viewpoint, given the input

aligned facial image I and the corresponding shape nor-
mals N. However, since it was trained to generate only
a limited number of views per sampling process, a care-
fully designed sampling strategy is essential to produce
a wide range of output views. Since the target subject
is centered in the scene, we first generate M = 7 an-
chor images A; and corresponding anchor shape normals
Ay, i € {1,..., M}, covering a 360° angle range of the
subject (£45°, £90°,£135°,180°), as proposed in [20].
Using these anchors, any number of intermediate views
can then be synthesized by conditioning on image triplets
{({LN), (Ag, An,), (A;, An,)}, where k, 1 where repre-
sent the closest anchor images. This approach ensures that
each intermediate view remains consistent with both the
input aligned image I, and the closest already generated
views. For both sampling processes, we use the EDM sam-
pler facilitated by the EDM discretization steps [30], while
it runs for 50 steps with a guidance scale set to 3. This
method enables the generation of 48, 88, or more novel
views for a single input subject I, depending on the chosen
angle step, thus covering the entire scene.

4. Experiments
4.1. Training Dataset

Training such a model requires a large multi-view dataset
containing a great number of subjects S. For each person
S;, it is necessary to acquire a set of images I¢, their corre-
sponding shape normal maps N, camera poses C;. along-
side with their corresponding identity embedding vector w?,
where k& € {1,2,..., N;} and N; is the number of the avail-
able views for the i-th scene. Due to the lack of such a
dataset, we create a large-scale synthetic dataset using the
publicly available Panohead [1]. We first sample ~10k sub-
jects and manually remove instances with artifacts in the
back of the head, resulting in ~7k distinct identities. We
render images from 125 different viewpoints for each per-
son to cover the entire head. Simultaneously, we obtain
each subject’s facial shape by extracting their opacity values
from the triplane feature maps and then applying the march-
ing cubes [41] algorithm. We render their respective normal
maps using the acquired facial shape using Pytorch3d [54].
All the images depicting a frontal head are fed to the Arc-
Face [13] network to extract their corresponding identity
vectors w. All inall, we end up with a synthetic dataset con-
taining about 7k individuals, rendered from N = 125 dif-
ferent angles, the respective shape normals, camera poses,
and their identity embedding vector w.

4.2. Qualitative Comparisons

4.2.1. Novel View Synthesis comparisons

In this section, we present a qualitative comparison be-
tween our model and other state-of-the-art multi-view dif-
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(a) Input (b) SpinMeRound (Ours)

(c) SV3D [63]

(d) Zero123-XL [12] (d) DiffPortrait3d [25]

Figure 4. Qualitative comparison between SpinMeRound, Zero123-XL [12], SV3D [63] and DiffPortrait3D [25] at angles {£45°, +180°}.
It is clear that SpinMeRound effectively generates high-quality novel views from “in-the-wild” input images, whilst SV3D produces
distorted outputs, Zero123-XL generates unnaturally squared avatars and DiffPortrait3D cannot handle such angles.

fusion models, SV3D [63] Zero123-XL [12] and DiffPor-
trait3D [25], focusing on their output under +45°, +180°
angles. SV3D, a latent video diffusion model, creates 360°
videos from a single input image. Zerol123-XL, a multi-
view diffusion model, synthesizes novel perspectives based
on the input image and specified camera poses. DiffPor-
trait3D [25] generates novel views by conditioning the de-
sired camera on an input image and refining the initial noise
through a fine-tuning step to achieve optimal results. Fig-
ure 4 demonstrates scenarios where the input “in-the-wild”
images (Fig. 4a ) are fed to these 4 different networks
and their respective generations under +45°, +180° view-
points. As illustrated, SpinMeRound efficiently generates
accurate novel viewpoints of the input subject, while SV3D
distorts the input image in its generated views, Zero123-XL
produces unnatural, square-like facial avatars and DiffPor-
trait3D cannot handle those angles at all.

Figure 5. Given the input identities (shown in the small boxes),
we present the results of novel view synthesis after applying 3D
Gaussian splatting [31] to the views generated by our model.

4.3. 3D Reconstruction

To evaluate our model’s consistency in generating novel
views from an input image, we assess its ability to re-
construct an input identity through Gaussian Splatting
(3DGS) [31]. More specifically, given an input identity,
we apply the sampling strategy outlined in Section 3.3 to

generate 48 novel views. These views are then used to re-
construct the identity through Gaussian Splatting. As in
[20], we modify the provided 3DGS code to incorporate the
LPIPS [71] loss between the ground-truth and the generated
viewpoints. In this way, we can deal with small inconsisten-
cies between nearby viewpoints. We present the novel view
synthesis of two input identities (small squares) in Figure 5,
which clearly illustrates that our proposed methodology can
generate consistent subjects.

Figure 6. Samples generated using unconditional sampling. Spin-
MeRound can generate novel identities without any prior input.

4.4. Unconditional Sampling

SpinMeRound is trained following the Classifier-Free Guid-
ance training scheme. Thus, our architecture can generate
novel multi-view identities without any prior conditioning.
By setting the input identity embedding equal to the empty
string, our model can generate a novel identity along with
different viewpoints of that identity. Figure 6 presents some
examples of those identities.

4.5. Quantitative Comparisons

We compare our method’s ability to generate novel views
with the current state-of-the-art models: a) Eg3D [9] and
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